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Abstract—Digital holographic imaging is a powerful
technique that can provide wavefront information of a three-
dimensional object for biological and industrial applica-
tions. However, due to the constraint and cost of imaging
sensors, the acquired digital hologram is limited in terms
of pixel count, thus affecting the resolution in holographic
reconstruction. To overcome this constraint, in this paper
we propose a deep learning-based method to super-resolve
holograms and to improve the quality of low-resolution
holograms by training a convolutional neural network with
large-scale data for resolution enhancement. Moreover, this
algorithm can be broadly adapted to enhance the space-
bandwidth product of a holographic imaging system with-
out the need of any advanced hardware. We experimentally
validate its capability using a lens-free off-axis holographic
system, and compare the performance of various loss func-
tions and interpolation methods in training such a network.

Index Terms—Computational imaging, deep learning,
digital holography (DH), super-resolution.

I. INTRODUCTION

D IGITAL holography (DH) is a powerful imaging technique
that can record the whole wavefront information of a three-

dimensional (3-D) object [1], [2]. By capturing the interference
pattern of two coherent beams with an image sensor, a two-
dimensional (2-D) hologram that stores a 3-D sample volume is
acquired. Instead of optical illumination in classical holography,
numerical refocusing [3], [4] and reconstruction [5]–[7] tech-
niques are suggested in DH to recover sectional depths as well
as the volumetric structure. Therefore, it is particularly advan-
tageous for applications where the complex field information of
the object is desired, and has been widely applied to live cell
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monitoring [8], [9], field topography measurement [10], and
wafer inspection [11].

As is known, for optical imaging applications, a high-
resolution image contains more valuable details and informa-
tion of the sample and significantly benefits the postprocess-
ing of images. However, in DH recording, the finite pixel
size on a sensor chip is a limiting factor for spatial resolu-
tion [12]. Super-resolution imaging, which aims at expanding
the pixel numbers of an image, is thus greatly desired. This
refers to the task of restoring high-resolution images from one or
more low-resolution observations of the same scene [13], [14].
Thus, according to the number of input low-resolution images,
super-resolution imaging can be classified into single-image or
multi-image approaches.

Several DH super-resolution methods have been proposed
in recent years. In [15], conventional super-resolution algo-
rithm requiring subpixel shifting [16] is utilized to recover a
high-resolution hologram by collecting multiple rigidly shifted
low-resolution holograms. The performance of this method is
verified using 36 subpixel shifted holograms captured under
an in-line on-chip holographic configuration. Further work also
demonstrates that by incorporating the 2-D pixel-function of an
image sensor-array, which is obtained using an iterative blind
deconvolution algorithm and a known test object, a smaller
effective pixel and improved resolution can be digitally syn-
thesized [17]. With this function and several laterally shifted
holograms as inputs to the lens-free image reconstruction, and
by incorporating a pixel super-resolution algorithm, a threefold
resolution improvement is further achieved compared to a raw
lensfree image [18].

In formulating an inverse imaging approach for super-
resolution, many modern approaches focus on incorporating
prior information and developing regularization terms, such
as with the use of sparsity constraints [19], total variation
prior [20]–[22], or using alternative registration [23] with a few
tuning parameters [24]. Generally speaking, these approaches
demand high computational cost, and special efforts must be
paid to obtain a high-quality reconstruction.

In recent years, driven by big data and computational ca-
pability, deep learning has become a powerful tool that has
demonstrated significant improvement in areas such as com-
puter vision and natural language processing [25]. In the field
of optical imaging, this technique is also being used for image
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classification [26], as well as tackling some super-resolution
problems, such as wide-field microscopy [27], fluorescence
microscopy [28], and super-resolution microscopy [29]–[31].
These data-driven approaches produce a trained deep convo-
lutional neural network that learns to transform low-resolution
images into high-resolution images in a noniterative manner.
As for DH, similar deep learning techniques have also been
demonstrated to numerically find the focal distance [32], [33],
to create a high-fidelity image from a single in-line hologram
or the back-propagated reconstruction [34]–[36], to extend the
depth-of-field of the reconstructed image [37], and to obtain the
reconstruction image from the raw hologram in an end-to-end
manner [38].

Compared with these multiple-image approach in which the
object has to be static, and several measurements have to be
made, the single-image scheme has broader applicability be-
cause of its high efficiency and low computational load. In
this paper, driven by deep learning and single-image super-
resolution, we apply the learning-based scheme to enhance
the spatial resolution of a typical off-axis holographic imag-
ing system, Mach–Zehnder interferometer, and demonstrate a
deep residual network that is trained to super-resolve raw pixel-
limited holograms in a noniterative manner. We demonstrate
the success of this technique on resolution chart samples and
circuit samples recorded in different imaging modes. We qualita-
tively compare the spatial frequency contents of low-resolution
and super-resolved holograms generated by deep learning. Fur-
thermore, we discuss the performance of several widely used
loss functions, �2-norm, �1-norm, structural similarity index
(SSIM) [39], and multiscale SSIM (MS-SSIM), in building a
network architecture for super-resolution and quantify the re-
sults with the peak signal-to-noise ratio (PSNR) and SSIM of
the networks output images in comparison to the ground-truth
high-resolution images. We also present qualitative comparison
results with several commonly used interpolation methods to
demonstrate the superior performance of the proposed method.

II. PRINCIPLE AND METHOD

A. DH and Optical System

The optical system we used to collect holographic data for net-
work training is shown in Fig. 1. This configuration is a variant
of the typical Mach–Zehnder interferometer which is commonly
used in off-axis DH. The beam emitting from the laser source is
passed through a spatial filter to remove aberrations in the beam
due to imperfect, dirty, or damaged optics, or due to variations
in the laser gain medium itself, and collimated using another
spatial filter and a collimation lens (not depicted in Fig. 1). The
beam size is then expanded and enters the interferometer along
two paths split by a polarization beam-splitter. One beam func-
tions as a reference and the other beam illuminates the object,
and the scattering beam carries the information of the object.
Two-half wave-plates (not depicted in Fig. 1), which are placed
in the individual paths, are added for the adjustment of the in-
tensity ratio between two beams. Then, an image sensor is set
on the image plane to record the interference pattern, which is
the hologram, generated by the object and the reference waves.

Fig. 1. Schematic diagram of a DH system. L1 and L2 form a beam
expander. PBS and BS are the polarization and nonpolarization beam
splitters, respectively. M1 and M2 are the mirrors. OBJ is the object.
D is the detector. x-axis and z-axis denote the two motion controllers
along the two directions. Two separate imaging modes, transmission,
and reflection (in dashed lines), are depicted in 1© and 2©. In reflection
mode, OBJ is placed at the bottom of BS, while BS is horizontally flipped.
The beam propagation and components configuration are demonstrated
in dashed line in 2©.

A digital hologram is then transmitted and stored in a computer
for numerical reconstruction [40], [41].

Suppose that the hologram plane is (x, y). The camera records
the interference pattern between the object wave O(x, y) and the
reference wave R(x, y), given by

h(x, y) = |R(x, y) + O(x, y)|2

= c + R∗(x, y)O(x, y) + R(x, y)O∗(x, y)
(1)

where |R(x, y)|2 + |O(x, y)|2 = c, and ∗ denotes complex con-
jugation. Equation (1) expresses the representation of a holo-
gram in the form of an intensity image. Therefore, established
image processing techniques can be directly used in DH to
purposely process the hologram.

For our learning-based approach to super-resolution, we need
abundant holographic data for network training. A complete
USAF 1951 resolution target is utilized as the sample for data
acquisition. In order to guarantee that for each acquisition, the
object appearing in the optical path is different, two linear mo-
tion controllers (Newport, CONEX-LTA-HL) are used to pre-
cisely control the shift of the sample. One controller annotated
as “z-axis” is to move the sample axially, while another one
marked as “x-axis” is to shift the sample laterally in the x-
direction. The adjustment in y-direction, which does not require
an accurate control, is thus performed manually. As such, in
every acquisition, only a small local area of the target is imaged
and recorded, and with the complete target and the two con-
trollers, we can ensure that a large number of different objects
can be collected.

B. Network Architecture

Most algorithms for single image super-resolution are either
based on interpolation, or reconstruction, or learning. Because of
fast computation and outstanding performance, learning-based
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Fig. 2. Workflow of the proposed network. The input and output are a low-resolution hologram and its super-resolved hologram. The middle part
shows the network’s architecture. The blue block denotes a regular combination of convolutional layer, BN layer, and ReLU layer. The red block is
ResUnit, each of which contains two regular combination blocks, and the dashed ones have a pooling layer. The last two blue blocks, which are
marked with black dashed boxes, make up the “Sub-Pixel Conv” for upscaling.

methods, also known as example-based methods, are particu-
larly noteworthy. These methods usually utilize machine learn-
ing algorithms to analyze statistical relationships between the
low resolution and its corresponding high-resolution counter-
part from substantial training examples. Deep learning is an
emerging and popular branch of machine learning algorithms
based on direct learning of diverse representations of data [42].
Unlike traditional task-specific learning algorithms, which re-
quire manual selection of features with expert knowledge of
the domain, deep learning aims to automatically learn infor-
mative hierarchical representations and then leverages them to
achieve the final purpose, where the whole learning process can
be totally automatic [43].

A deep neural network is normally constructed based on sev-
eral common functional layers, such as convolutional layer,
pooling layer, and activation layer. Multiple functional layers
are hierarchically cascaded to build a large and deep network
for powerful learning since a deeper network has more fitting
parameters and can enrich the level of features representing the
data. However, a problem along with more layers is the vanish-
ing gradient, which may make the network training fail. To ease
the training of a deep neural network, residual learning which
explicitly adds an identity mapping between layers for signifi-
cantly speed-up in computation is proposed [44]. Motivated by
the generic residual learning principle, taking consideration of
the tradeoff between performance and training load, we design a
deep residual network of moderate depth to achieve pixel super-
resolution in DH. Note that instead of adopting image block
(or patch) such as [45], an intact hologram is fed into the net-
work since an end-to-end implementation is preferred in order
to avoid any additional cropping or combination. The network
architecture is shown in Fig. 2.

The input and output of our network are a raw low-resolution
hologram and its super-resolved hologram, respectively. The
network consists of eight layers hierarchically cascaded, and
learns representations of holographic data along training. The
first layer is composed of a convolutional layer of 32 filters,
the size of which is 3 × 3, a batch normalization (BN) layer

and a nonlinear activation layer using a rectified linear unit
(ReLU) [46]. From the second layer to the seventh layer, a
residual unit, which is denoted as “ResUnit (N )” in Fig. 2, re-
peats six times. This ResUnit, in details, contains a max-pooling
layer, two identical convolutional layers with N filters of size
3 × 3, a BN layer, and a ReLU layer. Note that as shown in
Fig. 2, N = 64 for Layers 2 and 3, N = 128 for Layers 4 and 5,
and N = 256 for Layers 6 and 7. The input of each ResUnit is
identically mapped and added to its output for skip connection,
and the max-pooling layer, which is denoted as “max pool”, only
exists in the dashed ResUnit. The final layer is a subpixel convo-
lutional layer denoted as “Sub-Pixel Conv” in Fig. 2. Rather than
using the conventional transposed convolution methods which
have a large number of trainable parameters, here we utilize the
efficient subpixel convolution method for upscaling the reduced
intermediate image to its enlarged size [47]. Similarly, this func-
tional layer consists of a 3 × 3 × 64 convolutional layer, a BN
layer, a ReLU layer, and a periodic shuffling operation which
is a specific type of image reshaping and is performed to build
a high-resolution image in a single step. As such, the resizing
operation significantly saves computational load and time.

To further alleviate computational load and to prevent over-
fitting, three max-pooling layers are introduced to the network,
thus the input image size is downsampled with a scale factor
of eight along the forward propagation. Therefore, the same
upscaling factor of eight is necessary in the subpixel convo-
lutional layer to recover the original image size. Furthermore,
since the network aims at super-resolving a low-resolution in-
put, additional upscaling factor is thus introduced at this layer.
An advantage of such an operation, as mentioned above, is that
only the first step, 2-D convolution, has parameters to be updated
along training, while the second step is parameter-free, reducing
the number of trainable parameters of the network even when
additional upscaling factor is added.

Suppose that the input low-resolution hologram is denoted
as X and that the function the network needs to learn is G (·),
at every minibatch training stage, learnable parameters Θ are
updated accordingly. The network training is then achieved by
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Fig. 3. (a) USAF 1951 resolution target. (b) and (c) Two microscopic
images of circuits.

minimizing a loss function defined between the output holo-
grams G (X; Θ) and the ground-truth full-pixel holograms Y .
Given a set of low-resolution holograms {Xk} and their corre-
sponding ground-truth images {Yk} as labels, we can define the
loss function as pixel-wise mean squared error (MSE) or �2 loss

L (Θ) =
1
K

K∑

k=1

∥∥∥Yk − G (Xk ; Θ)
∥∥∥

2

2
(2)

where K denotes the number of images in a minibatch. The
training process stops after finishing all preset epochs, for ex-
ample, 100 epochs would go through all data for 100 times. Test
set is then fed into the network to test the performance of the
trained network in generating super-resolved holograms from
new data.

III. EXPERIMENTAL RESULTS AND DISCUSSIONS

A. Data Collection

The system used for data collection, as introduced in Fig. 1,
is a conventional lens-free Mach–Zehnder interferometer. A
helium-neon laser source (wavelength is 633 nm) is used and
the pixel pitch of the camera 5.2 μm. Apart from the standard
components in an interferometer, two linear motion controllers
are used to control the movement of the object axially and lat-
erally in the object arm [32]. Adjustments on the angle between
the reference beam and the object beam, as well as the exposure
of detector are performed by manual operations on the mirror
and camera, since it is not necessary to accurately control the
angle. The samples, as shown in Fig. 3(a), are various areas
of a negative USAF 1951 test target (Thorlabs R3L3S1N) and

Fig. 4. (a)–(d) Ground-truth hologram of a local area of the USAF test
target, magnified pattern, frequency response, and reconstructed image.
(e)–(h) Low-resolution hologram of the same object, magnified pattern,
frequency response, and reconstructed image. (i)–(l) High-resolution
hologram, magnified pattern, frequency response, and reconstructed
image. The colorbar shows the logarithmic magnitude of spectra in the
frequency domain.

Fig. 5. (a)–(c) Low-resolution hologram of Fig. 3(b), frequency
response, and its reconstruction. (d)–(f) Super-resolved hologram, fre-
quency response, and reconstruction. The colorbar shows the logarith-
mic magnitude of spectra in the frequency domain.

located around 290 mm away from the camera. For each holo-
graphic acquisition, a small local area on the target is imaged
and recorded in transmission mode. Two circuits, as given in
Figs. 5 and 6, are also digitally recorded in reflection mode for
testing. Note that no objective lens is included, leading to a
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Fig. 6. (a)–(c) Low-resolution hologram of Fig. 3(c), frequency
response, and its reconstruction. (d)–(f) Super-resolved hologram, fre-
quency response, and reconstruction. The colorbar shows the logarith-
mic magnitude of spectra in the frequency domain.

Fig. 7. (a) Low-resolution hologram and (b) its reconstructed image.
Super-resolved holograms with (c) �2 loss, (d) �1 loss, (e) SSIM loss, and
(f) MS-SSIM loss. (g)–(j) Reconstructed images of (c)–(f).

unit magnification of the system. Finally, 1000 holograms are
collected.

B. Network Training

After collecting adequate data, we randomly split the data into
two subsets with a ratio of 80:20 for training and testing. All
the weights and biases are initialized using truncated normal-
ization method with a standard deviation of 0.1 and the biases
are initialized with a constant of 1. Considering the training
time and memory limitation, in every iteration, only a small

Fig. 8. (a)–(d) Bicubic-generated hologram of the same object,
magnified pattern, frequency response, and reconstructed image.
(e)–(h) Bilinear-generated hologram, magnified pattern, frequency re-
sponse, and reconstructed image. (i)–(l) Nearest-neighbor-generxated
hologram, magnified pattern, frequency response, and reconstructed
image. The colorbar shows the logarithmic magnitude of the spectra in
the frequency domain.

batch of ten holograms, called a minibatch, of the entire train-
ing set is fed into the network. In this paper, we aim to achieve
resolution enhancement by a factor of 4; specifically, the in-
put hologram size is 512 × 512, while the target hologram size
is 1024 × 1024. The low-resolution hologram is generated by
downsampling its high-resolution hologram with the bicubic in-
terpolation method. The loss function (2) is minimized using the
Adam optimizer [46], which is an extension of the stochastic
gradient descent optimization method. The learning rate is em-
pirically set to be 0.01, and as the training progresses, it decays
exponentially with a rate of 0.9. In each minibatch training, the
weights and biases are automatically updated after one iteration
of optimization. The training process is completed after 300
epochs. The proposed network is implemented using Tensor-
flow and all the experiments are performed on a Ubuntu 16.04.2
environment with an Intel Core i7 920 processor (2.67 GHz, 8
cores), 24 GB of RAM, and an Nvidia GTX 760.

C. Results

In Fig. 8, we show the low-resolution, ground-truth, and high-
resolution holograms as well as the spectra and reconstructed
images. This low-resolution hologram is selected from the test-
ing subset split from the resolution target data. As can be ob-
served, the low-resolution hologram in Fig. 4(e), which has a
size of 512 × 512, can give an accurate but blurry reconstruc-
tion. The super-resolved hologram in Fig. 4(i), however, gives an
image as good as the raw hologram. From the magnified regions
demonstrated in Fig. 4(f) and (j), we can also observe that the
noise in the former is high and the fringes are corrupted, while
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TABLE I
COMPARISON OF PSNR AND SSIM BETWEEN SUPER-RESOLVED

HOLOGRAM AND GROUND-TRUTH HOLOGRAM AND COMPUTATION TIME
AMONG THE FOUR LOSS FUNCTIONS

the noise is low and the patterns are smooth. Thus the fineness
and signal-to-noise ratio of fringe patterns are also improved.
Note that the “shifting” of frequency spectra between Fig. 4(g)
(which is 512 × 512) and Fig. 4(k) (which is 1024 × 1024) is
due to the image size difference.

After training the network, we then feed it with new holo-
grams that the network has not seen before. In such cases, the
samples are two different circuits presented in Fig. 3(b) and (c).
The output of the network and reconstructed results are given
in Figs. 5 and 6. Similarly, as can be seen, reconstructed images
in Figs. 5(f) and 6(f) have better quality and resolution compared
to Figs. 5(c) and 6(c). Note that in the training and testing phases,
the network has not seen the holograms of the circuits. Never-
theless, the trained network can still achieve super-resolution of
low-resolution holograms, which demonstrates the generaliza-
tion capability of this method.

D. Loss Functions Comparison

As discussed above, in this paper, the MSE (or �2-norm) is
selected as the loss function. There are also several alternatives,
such as �1–norm, SSIM, and MS-SSIM, in deep learning [48].
To find the best loss function for super-resolving holograms,
here we compare the classic pixel-wise �2 loss with �1, SSIM,
and MS-SSIM. For the detailed definitions and optimization of
these loss functions, we refer readers to [49] and [50].

With different loss functions for network training, all initial-
ization and setting remain unchanged, except for the training
epochs (only 20 epochs here in consideration of time consump-
tion). In Fig. 7, we show the low-resolution and super-resolved
holograms and their reconstructed images by these four net-
works. The raw hologram and its reconstructed image are given
in Fig. 7(a) and (b).

As can be seen from Fig. 7, all the four networks with differ-
ent loss functions can give relatively reasonable high-resolution
holograms, while the �2 loss function outperforms the other three
visually. By quantitatively measuring the PSNR and SSIM be-
tween the super-resolved hologram and the label hologram, we
can find the outperformance of the �2 loss function from Table I.
Not only the hologram quality obtained with �2 loss is higher
than the other three loss functions, but also the time consumption
of �2 loss is the least among the four candidates.

E. Interpolation Methods Comparison

To further illustrate the capability of the proposed method,
here we compare the performance to three commonly
used approaches—bicubic, bilinear, and nearest-neighbor

interpolations methods. Not surprisingly, compared to
Fig. 4(i)–(l), the fringe patterns in Fig. 4(j) are finer and smoother
than Fig. 8(b), (f), and (j). As such, the reconstructed image in
Fig. 4(l) has a better quality and higher signal-to-noise ratio than
Fig. 8(d), (h), and (l). The superior performance of the proposed
method is thus validated.

IV. CONCLUSION

In this paper, we presented a deep learning-based method
for super-resolution of holographic imaging. This approach was
demonstrated with holographic data of a resolution target and
two circuit patterns. The results were verified by demonstrat-
ing the super-resolved holograms and their reconstructed im-
ages with testing data. We also quantitatively compared the
performance of four commonly used loss functions in image
enhancement with deep learning, and found the superiority of
the �2-norm-based loss function over the others.

The proposed method provided an effective, noniterative res-
olution enhancement engine that can rapidly produce high-
resolution holograms without additional changes in hardware
and parameter optimization. Note that here we achieved the
improvement of hologram-to-hologram by upscaling a low-
resolution hologram to a high-resolution one, while the recon-
struction method was still conventional. As such, compared to
the hologram-to-reconstruction strategy as shown in [38], this
scheme was particularly useful for imaging under extreme con-
ditions with a low-resolution detector or a low signal-to-noise
acquisition. Furthermore, it is worth noting that the proposed ap-
proach, although demonstrated with holographic data, is not re-
stricted to holographic imaging configuration. This data-driven
image super-resolution framework is applicable to enhance
the performance of coherent and incoherent image formation
techniques that are widely used in industry, such as computer
tomography, computer radiography, and X-ray imaging.
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[27] Y. Rivenson, Z. Göröcs, H. Günaydin, Y. Zhang, H. Wang, and
A. Ozcan, “Deep learning microscopy,” Optica, vol. 4, no. 11, pp. 1437–
1443, 2017.

[28] H. Wang et al., “Deep learning enables cross-modality super-resolution
in fluorescence microscopy,” Nat. Methods, vol. 16, pp. 103–110, 2019.

[29] W. Ouyang, A. Aristov, M. Lelek, X. Hao, and C. Zimmer, “Deep learning
massively accelerates super-resolution localization microscopy,” Nature
Biotechnol., vol. 36, pp. 460–468, 2018.

[30] E. Nehme, L. E. Weiss, T. Michaeli, and Y. Shechtman, “Deep-STORM:
super-resolution single-molecule microscopy by deep learning,” Optica,
vol. 5, no. 4, pp. 458–464, 2018.

[31] T. Liu et al., “Deep learning-based super-resolution in coherent imaging
systems,” Sci. Rep., vol. 9, 2019, Art. no. 3926.

[32] Z. Ren, Z. Xu, and E. Y. Lam, “Learning-based nonparametric
autofocusing for digital holography,” Optica, vol. 5, no. 4, pp. 337–344,
2018.

[33] Z. Xu, S. Zuo, and E. Y. Lam, “End-to-end learning for digital hologram
reconstruction,” Proc. SPIE, vol. 10505, Feb. 20, 2018, Art. no. 1050510.

[34] A. Sinha, J. Lee, S. Li, and G. Barbastathis, “Lensless computational
imaging through deep learning,” Optica, vol. 4, no. 9, pp. 1117–1125,
2017.

[35] Y. Rivenson, Y. Zhang, H. Gunaydin, D. Teng, and A. Ozcan, “Phase
recovery and holographic image reconstruction using deep learning in
neural networks,” Light Sci. Appl., vol. 7, 2018, Art. no. e17141.

[36] E. Y. Lam, “Computational imaging and reconstruction in digital holo-
graphic microscopy,” Proc. SPIE, vol. 10711, Apr. 24, 2018, Art.
no. 1071104.

[37] Y. Wu et al., “Extended depth-of-field in holographic imaging using deep-
learning-based autofocusing and phase recovery,” Optica, vol. 5, no. 6,
pp. 704–710, 2018.

[38] Z. Ren, Z. Xu, and E. Y. Lam, “End-to-end deep learning framework for
digital holographic reconstruction,” Adv. Photon., vol. 1, no. 1, 2019, Art.
no. 016004.

[39] Z. Wang, A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, “Image quality
assessment: From error visibility to structural similarity,” IEEE Trans.
Image Process., vol. 13, no. 4, pp. 600–612, Apr. 2004.

[40] J. W. Goodman, Introduction to Fourier Optics, 4th ed. San Francisco,
CA, USA: Freeman, 2017.

[41] R. Yonesaka et al., “High dynamic range digital holography and its
demonstration by off-axis configuration,” IEEE Trans. Ind. Inform.,
vol. 12, no. 5, pp. 1658–1663, Oct. 2016.

[42] Y. Bengio, A. Courville, and P. Vincent, “Representation learning: A
review and new perspectives,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 35, no. 8, pp. 1798–1828, Aug. 2013.

[43] J. Schmidhuber, “Deep learning in neural networks: An overview,” Neural
Netw., vol. 61, pp. 85–117, 2015.

[44] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., Las
Vegas, NV, USA, 2016, pp. 770–778.

[45] S. Jiao, Z. Jin, C. Chang, C. Zhou, W. Zou, and X. Li, “Compression of
phase-only holograms with JPEG standard and deep learning,” Appl. Sci.,
vol. 8, no. 8, 2018, Art. no. 1258.

[46] I. Goodfellow, Y. Bengio, and A. Courville, Deep Learning. Cam-
bridge, MA, USA, MIT Press, 2016. [Online]. Available: http://www.
deeplearningbook.org

[47] W. Shi et al., “Real-time single image and video super-resolution using
an efficient sub-pixel convolutional neural network,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., Las Vegas, NV, USA, 2016, pp. 1874–
1883.

[48] L. Galteri, L. Seidenari, M. Bertini, and A. D. Bimbo, “Deep genera-
tive adversarial compression artifact removal,” in Proc. IEEE Int. Conf.
Comput. Vis., Venice, Italy, 2017, pp. 4836–4845.

[49] J. Snell, K. Ridgeway, R. Liao, B. D. Roads, M. C. Mozer, and R. S. Zemel,
“Learning to generate images with perceptual similarity metrics,” in Proc.
IEEE Int. Conf. Image Process., Beijing, China, 2017, pp. 4277–4281.

[50] H. Zhao, O. Gallo, I. Frosio, and J. Kautz, “Loss functions for image
restoration with neural networks,” IEEE Trans. Comput. Imag., vol. 3,
no. 1, pp. 47–57, Mar. 2017.

Zhenbo Ren received the B.S. degree in op-
toelectronic information engineering from the
Huazhong University of Science and Technol-
ogy, Wuhan, China, in 2011, the M.S. de-
gree in instrument science and technology from
Tsinghua University, Beijing, China, in 2014, and
the Ph.D. degree in optical engineering from The
University of Hong Kong, Pokfulam, Hong Kong,
in 2018.

He is currently an Assistant Professor of Op-
tical Engineering with the School of Natural and

Applied Sciences, Northwestern Polytechnical University, Xian, China.
His research interests include digital holography, optical imaging, and
deep learning.

https://dx.doi.org/10.1109/JBHI.2018.2878878
http://www.deeplearningbook.org
http://www.deeplearningbook.org


6186 IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, VOL. 15, NO. 11, NOVEMBER 2019

Hayden K.-H. So (S’03–M’07–SM’15) received
the B.S., M.S., and Ph.D. degrees in electrical
engineering and computer sciences from the
University of California, Berkeley, CA, USA, in
1998, 2000, and 2007, respectively.

He is currently an Associate Professor of
Electrical and Electronic Engineering with the
Department of Electrical and Electronic Engi-
neering, The University of Hong Kong, Pokfu-
lam, Hong Kong.

Dr. So was the recipient of the Croucher Inno-
vation Award, in 2013, for his work in a power-efficient high-performance
heterogeneous computing system, the University Outstanding Teaching
Award (Team), in 2012, and the Faculty Best Teacher Award, in 2011. He
has served as the Technical Program Chair for various international con-
ferences, including the International Conference on Field-Programmable
Technology, and the International Symposium on Highly-Efficient Accel-
erators and Reconfigurable Technologies in 2014, and the IEEE Interna-
tional Conference on Application-Specific Systems, Architectures, and
Processors in 2015. He also served as the Multiprocessor Systems and
Networks on Chip Track Co-Chair for the International Conference on
Reconfigurable Computing and FPGAs and as a Guest Editor of the
Journal of Signal Processing Systems.

Edmund Y. Lam (F’15) received the B.S., M.S.,
and Ph.D. degrees in electrical engineering from
Stanford University, Stanford, CA, USA, in 1995,
1996, and 2000, respectively.

He is currently a Professor in electrical and
electronic engineering and Associate Dean of
engineering, as well as the Director of the com-
puter engineering program and the Founding Di-
rector with the Imaging Systems Laboratory, The
University of Hong Kong, Pokfulam, Hong Kong.
He has authored or co-authored over 300 jour-

nal and conference papers. His research interests include computational
optics and imaging.

Dr. Lam is currently the Chair of the Optical Society (OSA) Image
Sensing and Pattern Recognition Technical Group, and the Chair of the
Computational Optical Sensing and Imaging meeting in 2019. He is a re-
cipient of the IBM Faculty Award, a Fellow of the Society of Photo-optical
Instrumentation Engineers (SPIE), the OSA, the Society for Imaging Sci-
ence and Technology, and the Hong Kong Institution of Engineers.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


